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Abstract. Tropospheric ozone is the third strongest green-
house gas, and has the highest uncertainty in radiative forc-
ing of the top five greenhouse gases. Throughout the tro-
posphere, ozone is produced by radical oxidation of nitro-
gen oxides (NOx = NO + NO2). In the upper troposphere (8–
10 km), current chemical transport models under-estimate ni-
trogen dioxide (NO2) observations. Improvements to sim-
ulated NOx production from lightning have increased NO2
predictions, but the predictions in the upper troposphere re-
main biased low. The upper troposphere has low tempera-
tures (T < 250 K) that increase the uncertainty of many im-
portant chemical reaction rates. This study constrains un-
certain reaction rates by combining model predictions with
measurements from the Intercontinental Chemical Transport
Experiment-North America observational campaign. The
results show that the nitric acid formation rate, which is
the dominant sink of NO2 and radicals, is currently over-
estimated by 22 % in the upper troposphere. The results
from this study suggest that the temperature sensitivity of
nitric acid formation is lower than currently recommended.
Since the formation of nitric acid removes nitrogen dioxide
and radicals that drive the production of ozone, the revised
reaction rate will affect ozone concentrations in upper tropo-
sphere impacting climate and air quality in the lower tropo-
sphere.
1 Introduction
Ozone in the upper troposphere is an efficient greenhouse gas
(0.25–0.65 Wm−2; Solomon et al., 2007) with a long chem-
ical lifetime (100–365 days;Kley, 1997; Wang et al., 1998).
In the troposphere, ozone (O3) is produced by net photoly-
sis of nitrogen dioxide (NO2) shown in Reactions (R1–R3).
NO2 is produced by net oxidation of nitric oxide (NO) by
peroxy radicals (e.g.,R4 andR5). The peroxy radicals that
drive oxidation are produced by photolysis (e.g.,R6) or by
oxidation of organics (e.g.,R7 andR8). Radicals and nitro-
gen oxides (NOx = NO + NO2) can be temporarily removed
from the cycling by production of reservoir species (e.g., per-
oxy nitrates) via thermally equilibrated Reactions (R9–R11).
Radicals and NOx are removed from the cycle primarily by
hydroxyl radical (HO
q
) combination with NO2 to produce
nitric acid (R12). In the upper troposphere, hydrogen rad-




) are terminated primarily by nitric
acid formation, net pernitric acid reactions (R11, R13), and
by radical-radical reactions (e.g.,R14).
NO2+hν → NO+O
3P (R1)
O3P+O2 → O3 (R2)
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The reactions that cycle NOx and produce ozone each have
uncertainty as reported in the literature. Each paper in the
literature estimates a rate from observations of reactants or
products in an experimental system. The authors repeat their
experiments (potentially for multiple environmental condi-
tions) to yield observations within a precision range specific
to the experimental design. If multiple studies are available
in the literature, the observations from each can be pooled
to estimate the quantitative uncertainty. Often the uncer-
tainty cannot be fully characterized by quantitative uncer-
tainty, so panels of experts add their best estimates of the sys-
tematic uncertainty. The uncertainty of many reaction rates
is summarized byAtkinson et al.(2004, hereafterIUPAC04),
Atkinson et al.(2006, hereafterIUPAC06) andSander et al.
(2011, hereafterJPL11). The uncertainty of each reaction
rate has a non-linear impact on model estimates of NOx and
ozone.
Models that predict NOx and ozone use uncertain emis-
sions, transport, and chemical reactions. For a model to ac-
curately predict NOx or ozone, the reactive cycling of NOx
must be in balance with the physical transport and emis-
sions of radical precursors and NOx. Model evaluations of
NOx, using data from the Intercontinental Chemical Trans-
port Experiment-North America (INTEX-A) campaign, have
shown a low-bias for simulated NO2 using GEOS-Chem
(Hudman et al., 2007). The NO2 low-bias is consistent
with other studies that found bias in the upper troposphere
in the Community Multiscale Air Quality (Napelenok et al.,
2008) or that box model biases required constraining radicals
(Bertram et al., 2007).
The low-bias in simulated NO2 has led to many studies
addressing the uncertainty in the sources and sinks of NOx.
Hudman et al.(2007) showed that increasing NOx produc-
tion from lightning helped improve model performance for
the INTEX-A period, but the simulated mean concentra-
tion (≈300 ppt) was still about half of the observed mean
(≈600 ppt).Browne et al.(2011) found that the observations
are overestimated in the upper troposphere due to an inter-
ference in the TD-LIF instrument from methyl peroxy ni-
trate (CH3O2NO2). Allen et al.(2011) incorporated interfer-
ence estimates and lightning NOx production, but still found
under-estimations of modeled NO2 in the upper troposphere.
Olson et al.(2006) andRen et al.(2008) both identify chem-
ical reactions as a potential source of uncertainty.Henderson
et al. (2011) found that the chemistry representation of the
global and regional models may cause a 30 % low-bias.
In this paper, we constrain uncertain reaction rates to im-
prove the chemical mechanisms used in 3-dimensional mod-
els. To constrain reactions, we use Bayesian inference tech-
niques that combine model predictions and observations to
constrain reaction coefficients. We find evidence that the re-
action coefficient for NO2 + HO
q
(R12) should be revised
from the current literature values (IUPAC06; JPL11). The
reaction rate for Reaction (R12) has recently been revised
based on the work ofMollner et al.(2010), but that study was
at a fixed temperature that cannot test the temperature sen-
sitivity (i.e., (T /300)−n where literature values forn range
from 2.67 to 2.97). This work identifies a temperature depen-
dency that reduces the rate ofR12by 22 % at 241 K from cur-
rent recommendations (an additional 12 % lower thanMoll-
ner et al., 2010). This temperature sensitivity needs to be
confirmed in laboratory experiments.
2 Model framework
In this study, a combination of stochastic and determinis-
tic modeling is used as the framework to constrain reaction
rates. The model framework used here was originally devel-
oped byHenderson et al.(2011); the core framework and ad-
ditions for this work are described below. The model frame-
work relies on the convective turnover of the upper tropo-
sphere, or deep convection, that maintains a “persistent im-
balance” (Prather and Jacob, 1997). Deep convection is asso-
ciated with precipitation that removes water soluble HNO3,
but does not remove less soluble compounds including NOx.
These deep convection events may also be associated with
lightning that produces NOx (Jaegĺe et al., 1998). The ra-
tio of NOx to HNO3, therefore, can be used as a chemical
indicator of recent convection (Bertram et al., 2007). This
indicator is used to identify air parcels immediately follow-
ing convection. Next, the model framework photochemically
ages those parcels and stochastic transport algorithms simu-
late the removal of air parcels from the upper troposphere.
Finally, the distribution of simulated air parcels can be com-
pared to the distribution of observed air parcels.
Figure 1 shows that, following convection, air parcels
chemically convert NOx to HNO3 while simultaneously be-
ing transported out of the upper troposphere (defined here
as between 8 and 10 km). Each line in Fig.1a represents
the vertical motion of an air parcel immediately following
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Fig. 1. Conceptual model of vertical transport (a) and chemistry (b) of hypothetical air parcels following convection. Vertical
transport following convection is characterized in (a) by 54 lines from HYSPLIT trajectories that include convective motion
and isentropic subsidence. During transport, NOx (and NO2) is converted to HNO3 by chemistry that is characterized by
lines in (b) from GEOS-Chem simulations with night-time values in gray. Chemistry line segments are randomly paired with
trajectories (by color) and hourly samples are included in the ensemble (represented by dots in b). Ensemble members can only
be selected during the day when observations were taken, and while within the 8 to 10 km study boundaries. The ensemble
has a distribution of XNO2:HNO3 (bars in b) that is approximately log-normal.
the 8 to 10 km study area. While the air parcels are in the study area, they are available for sampling shown by
dots.
Observations and Initial Conditions
The modeling framework starts with an observation-based initial condition. The observations used here are from
the Intercontinental Chemical Transport Experiment-North America (INTEX-A) campaign. During INTEX-A the80
National Aeronautics and Space Administration (NASA) aircraft (DC-8) performed a suite of measurements that
have been combined into a 10-second merged dataset. The air parcels to initialize the model can be identified by
the ratio of highly soluble HNO3 to NOx. In this study, we use NO2 instead of NOx because the NO observation is
less frequent. The NO2 observation has been shown to have interferences from HNO4 and methyl peroxy nitrate
(CH3O2NO2) (Browne et al., 2011). Due to these interferences, we refer to the NO2 observation as XNO2, and85
the model results incorporate the interference as described in the appendix. The relative rates of physical removal
and XNO2 to HNO3 conversion create a distribution of photochemically aged air parcels. During INTEX-A, the
observed XNO2 to HNO3 ratio is log-normally distributed as shown in Fig. 2. The samples with the highest 12.5%
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Fig. 2. Observed XNO2 to HNO3 ratio, from 8 to 10 km, with percentile markers (solid lines) and initial
conditions threshold (dashed lines).
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Fig. 2. Observed XNO2 to HNO3 ratio, from 8 to 10 km, with per-
centile markers (solid lines) and initial conditions threshold (dashed
lines).
convection. During vertical motion, Fig.1b shows that th
air parcels convert NOx to HNO3. The air parcels in Fig.1b
are removed when the air parcel leaves the 8 to 10 km study
area. While the air parcels are in the study area, they are
available for sampling shown by dots.
2.1 Observations and initial co di ions
The modeling framework starts with an observation-based
initial condition. The observations used here are from the In-
tercontinental Chemical Transport Experiment-North Amer-
ica (INTEX-A) campaign. During INTEX-A the National
Aeronautics and Space Administration (NASA) aircraft (DC-
8) performed a suite of measurements that have been com-
bined into a 10-s merged dataset. The air parcels to initial-
ize the model can be identified by the ratio of highly soluble
HNO3 to NOx. In this study, we use O2 instead of NOx
because the NO observation is less frequent. The NO2 obser-
vation has been shown to have interferences from HNO4 and
methyl peroxy nitrate (CH3O2NO2) (Browne et al., 2011).
Due to thes interferences, we refer to the NO2 observation
as XNO2, and the model results incorporate the interference
as described in the Appendix. The relative rates of physical
removal and XNO2 to HNO3 conversion create a distribution
of photochemically aged air parcels. During INTEX-A, the
observed XNO2 to HNO3 ratio is log-normally distributed
as shown in Fig.2. The samples with the highest 12.5 %
(n = 65) of XNO2 to HNO3 ratios are those parcels that most
immediately follow convection and are selected to initialize
simulated air parcels. Simulations are initialized with mea-
surements of environmental conditions as well as inorganic,
www.atmos-chem-phys.net/12/653/2012/ Atmos. Chem. Phys., 12, 653–667, 2012
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organic, and particle composition. For each measurement
used, descriptive statistics (median, mean, and standard devi-
ation) are shown in AppendixA1, both for the whole dataset
and for the initial conditions.
2.2 Photochemical processing
Each initial air parcel is the starting point for a determin-
istic photochemical model processed for 10 days. Photo-
chemical processing includes gas-phase chemistry, partition-
ing to aerosols, and heterogeneous reactions. The gas-phase
chemistry is simulated using the deterministic model used
by GEOS-Chem “full” NOx-hydrocarbon simulations (Mao
et al., 2009) with the improvements suggested byHender-
son et al.(2011). Additional reactions for CH3O2NO2 have
been added based onJPL11with photolysis estimated us-
ing HNO4 as a proxy (followingBrowne et al., 2011). To
calculate photolysis rates, we use the Tropospheric Ultravi-
olet (TUV) version 4.6 (Madronich, 2002) to integrate ac-
tinic flux, cross sections and quantum yields. The TUV
model (version 4.6) has been updated to include temperature-
dependent cross sections and quantum yields for NO2 and
CH2O recommended byIUPAC04 andIUPAC06. The par-
titioning of gas-phase species to aerosols is performed us-
ing the ISORROPIA II model (Fountoukis and Nenes, 2007).
The heterogeneous reactions recommended inJacob(2000)
were also added to the framework. This includes heteroge-
neous formation of HNO3 from N2O5 following Evans and
Jacob(2005) (with sign correction detailed inDavis et al.,
2008). The heterogeneous reactions were added to this mod-
eling framework following the implementation in GEOS-
Chem model version 9-01-01 (similar to the model used by
Hudman et al., 2007).
The photochemical processing in this model is influenced
by the environmental conditions: temperature, pressure, and
relative humidity. The environmental conditions may rapidly
change following deep convection due to convective scale
subsidence and adiabatic warming. The initial conditions
have lower pressure (6 %) and lower temperature (5 %) com-
pared to the air parcels with NO2:HNO3 in the second quar-
tile. In this study, pressure and temperature have been pa-
rameterized to adjust as they chemically age (see Appendix
for details).
2.3 Physical removal
The chemical predictions are then stochastically post-
processed to simulate transport. In the real world, air parcels
are transported out of the upper troposphere (defined here as
8–10 km) by adiabatic motion, convective subsidence, and
synoptic scale subsidence (as seen in Fig.1a) We assume
that the probability of being transported out of the upper
troposphere (either above 10 or below 8 km) is a time inde-
pendent process, and as such can be simulated by an expo-
nential distribution (Gallager, 1996). To account for trans-
port, a stochastic removal process probabilistically selects
a decreasing number of air parcels to represent each out-
put time-since-convection (hourly sampled). The exponen-
tial distribution is corrected (Henderson et al., 2011) to ac-
count for preferential sampling performed during the sam-
pling campaign (Bertram et al., 2007; Fuelberg et al., 2007).
The number of samples selected at any time can be calcu-
lated followingHenderson et al.(2011, p. 280, Eq. 2). After
stochastically selecting simulated air parcels, the remaining
air parcels are an ensemble of that is representative of the
upper troposphere. The air parcels included in this ensemble
have varying initial conditions and time-since-convection.
The only independent variable necessary to select air parcels
is the average time-since-convection (τ ).
The average time-since-convection (τ ) is unknown, but is
necessary to create an accurate representation of the upper
troposphere. Increasingτ increases the relative probabil-
ity of sampling older air parcels that have lower XNO2 and
higher HNO3. So increasing (decreasing)τ , increases (de-
creases) the oxidation state of the prediction ensemble. Al-
though the exact value ofτ is unknown, the range can be
constrained by evaluation of chemical simulations and me-
teorological back trajectories. By evaluating the back tra-
jectories fromFuelberg et al.(2007), Henderson et al.(2011)
estimated aτ range from 40 to 58 h. By evaluating the chem-
ical simulations,Henderson et al.(2011) estimated aτ value
for GEOS-Chem of 36 h. Because of the uncertainty in the
τ value, the modeling framework will be evaluated at each
average time-since-convection from 36 to 58 by one-hour in-
tervals.
3 Uncertainty analysis
The model framework includes 296 reactions, each with con-
tinuous uncertainty, that each influences the model predic-
tions. To reduce the number of reactions, reaction rates
are pre-screened as described in Selecting Influential Vari-
ables below. For only the pre-screened variables, the uncer-
tainty is constrained using Bayesian inference as described in
Bayesian Updating below. These two steps will identify re-
action rates whose uncertainty is key to understanding ozone
precursors in the upper troposphere.
3.1 Selecting influential variables
To reduce the number of reaction rates, we pre-screen re-
actions for potential to change the rate of NOx conversion
to HNO3. The aging rate (1A) is defined here as the
slope of XNO2:HNO3 from parcel initiation (t0) until the
XNO2:HNO3 ratio is in the below the observed 75th quartile
XNO2:HNO3 value (t(75 %)). Figure3 shows the transition
point into the second quartile is defined as the first model out-
put (at 30 min intervals) where the predicted XNO2:HNO3
is below the observed 75th percentile XNO2:HNO3. For the
Atmos. Chem. Phys., 12, 653–667, 2012 www.atmos-chem-phys.net/12/653/2012/
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Fig. 3. XNO2: HNO3 (median: line; full range: light gray box; inter-quartile: dark gray box) plotted as a
function of hours from simulation start. The observed NO2: HNO3 quartiles are delineated by horizontal lines.
Components of Eq. (1) are indicated with arrows.
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Fig. 3. XNO2:HNO3 (median: line; full range: light gray box; inter-
quartile: dark gray box) plotted as a function of hours from simu-
lation start. The observed XNO2:HNO3 quartiles ar delin ated by
h rizont l l es. Components of Eq. (1) are indicated with arrows.
pre-screening process, it is not practical to simulate the entire
ensemble of air parcels. Instead, pre-screening uses a single
air parcel with the initial conditions set to the median values
from all initial air parcels. The median aging rate, from all air
parcels, is approximately the same as the aging rate from one
air parcel with median initial conditions. For each reaction,
the median air parcel is simulated with the reaction rate set to
±1σ uncertainty of the base rate. The base rates come from
GEOS-Chem (v09-01-01) and uncertainty ranges are taken
from IUPAC04, IUPAC06, andJPL06(JPL11became avail-
able after this work was completed). The uncertainty range
used is the maximum when evaluated at 234 K, a typical tem-
perature in the upper troposphere. For subsequent analysis
using all initial conditions (n = 65), the 10 reaction rates that














t(75 %) − t0
(1)
3.2 Bayesian updating
Each of the pre-screened reaction rates is influential and has
a range of possible values that need to be evaluated. Each
possible value can be evaluated in the upper troposphere to
provide evidence that supports or refutes its use in upper tro-
pospheric conditions. The evidence from model evaluation
is incorporated using Bayesian inference, which is a quan-
titative method to refine uncertainty in model parameters.
Bayesian inference, described in Eq. (2), can be summa-
rized as updating the prior uncertainty distribution (hereafter
“prior”, P(H)) of model parameters by using the probabil-
ity distribution (P ) of evidence (E) given a hypothesis (H ),
hereafter “likelihood” (as inDilks et al., 1992). In this case,
we are updating prior uncertainty in kinetic rate coefficients
based on the ability of the model to predict observations. The
prior uncertainty for rate constants comes from literature (IU-
PAC04; IUPAC06; JPL06). The likelihood is a conditional
probability that describes the probability of the observations
given the model’s predictive ability. The model’s predictive
ability is a function of its input parameters, including reac-
tion rates. The likelihood, in this case, must be developed





Bayesian updating has previously been used for air qual-
ity model uncertainty analysis (Bergin and Milford, 2000),
but the likelihood estimation must be updated for this study.
Bergin and Milford (2000) evaluated uncertainty of a La-
grangian air quality model by adjusting model inputs within
their uncertainty. Each adjusted model input creates a new
model instance. The likelihood of a model instance (L(o|yk))
characterizes the likelihood of that instance’s input param-
eters. The likelihood of each instance is calculated based
probability of observed (o) ozone mixing ratios given pre-
dicted ozone (y) paired in time and space. The likelihood
(L) is then calculated, followingDilks et al. (1992), by as-
suming a normally distributed error in the prediction. Using
this approach, the standard deviation used in the likelihood
is the observational standard deviation. This assumption al-
lows the likelihood to be calculated using a typical normal
probability function. The likelihood formulation described
above is unsuitable for this study because the observations
are not paired in space and time to predictions, and the like-
lihood calculation should use the standard deviation of the
predictions which are known in this study.
Instead of space/time-paired results, the observation set
(O = {o1,...on}) and prediction ensembles (Y = {y1,...ym})
are unpaired distributions that characterize the upper tropo-
sphere. Observations come from the INTEX-A DC-8 aircraft
samples that have been merged into a 10-s merged dataset. In
10 s, the aircraft travels 1.5 to 3 km, which makes the ob-
servations effectively independent. The model framework
(described in Sect. 2) is then used to generate simulated
air parcels. For each reaction, 21 model instances are cre-
ated by adjusting the rate coefficient (θ ). Each model in-
tances scales the rate coefficient to one of 21 values evenly
spaced within the reported±3σ log-normally distributed un-
certainty. The prediction ensemble from each model instance
({Y1,...,Y21}) is then used to calculate the rate coefficient’s
likelihood (L(O|θk)).
The likelihood can be calculated from the observed and
simulated distributions of a species using the Dirichlet func-
tion. The Dirichlet function calculates a likelihood from a
single probability mass function (PMF) (Frigyik et al., 2010).
For use with the Dirichlet function, a single PMF is generated
www.atmos-chem-phys.net/12/653/2012/ Atmos. Chem. Phys., 12, 653–667, 2012
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by integrating the simulated distribution between observa-
tional quantiles (see AppendixA4). When the observed and
simulated distributions are most similar, the PMF will be
most uniform. When the PMF is most uniform, the Dirichlet
likelihood is maximized.
Maximizing the likelihood of a single species could de-
grade the model performance for other species. For instance,
adjusting a reaction rate (e.g., NO2 + HO
q
) may decrease bias
in one species (e.g., NO2) while creating bias in another (e.g.,
O3). To ensure that model improvements for one species do
not come at the expense of another, likelihoods from multi-
ple species (s) are combined. By combining multiple pre-
dicted species, the overall evaluation will be improved. For
this study, the likelihood of reaction rates are calculated from
five species or species ratios. First, XNO2 and HNO3 are se-
lected because the model must produce the distributions co-
incidently to correctly simulate the upper troposphere. Sec-




is chosen because it has been
identified as an indicator of chemical uncertainty in the up-
per troposphere (Ren et al., 2008). Third, the HO
q
is selected





O3 is selected because of its importance in radiative forcing





), the observed and simulated val-
ues are log-transformed for the likelihood calculations.
The likelihood of any simulated species requires the speci-
fication of the average time-since-convection (τ ) used by the
model framework. For instance, as the value ofτ increases,
simulated nitric acid and ozone increase, thus improving
or degrading the likelihood value. The likelihood of each
model instance is calculated with eachτ in the range of esti-
mates (36–58). Equation (3) combines likelihoods from each







}) to provide an overall likelihood for each model
instance. The influence ofτ is not considered to be refining,
so the likelihood distribution is calculated as a function of
uncertainty in each reaction by evaluating Eq. (3) for each
of the 21 model instances (k) for that reaction (θ ) scaled by
uncertainty.





L(Os |Ys(θk,τ )) (3)
The likelihood distribution of each reaction can then be com-
bined with the prior (π ) to produce the posterior uncertainty
distribution. The posterior is the product of the likelihood
and prior that has been normalized by the sum-product of
the likelihood and prior (see Eq.4). Once normalized, the
posterior provides a revised estimate of the reaction’s rate





Each reaction’s estimate and uncertainty is further analyzed
to identify spurious results. Spurious results occur when the
likelihood of a reaction increases (or decreases) throughout
the entire tested range. A monotonically increasing (or de-
creasing) likelihood can indicate one of two issues. First, the
tested range may not include the true value for the rate co-
efficient. Second, the variable could have an effect that does
notmeaningfullyimprove model performance. In either case,
the peak likelihood has not been identified and the posterior
cannot be normalized for use in Bayesian estimation. To con-
sider a peak bounded by the test, two decreasing values are
required on either side of the peak likelihood.
The inferred rate from Bayesian inference will only be ac-
cepted when the original rate is unlikely given the inferred
uncertainty distribution. For each reaction, the likelihood
values will be used to estimate the Bayesian confidence in-
terval or credible interval. When the 95 % credible interval
does not include the original rate, the original rate is rejected
and the revised estimate is recommended.
4 Results
4.1 Reaction pre-screening
The pre-screening selected 10 reactions that most influence
the ratio of XNO2 to HNO3. Table1 shows that the most in-
fluential reactions are a combination of inorganic, methane,
and formaldehyde reactions that either directly oxidize or re-
duce NOx or influence radical cycling. In addition to the ten
reactions identified, HO
q
2 + NO was also evaluated because it
has been identified in several recent uncertainty analyses as
a candidate for future research (e.g.,Chen and Brune, 2010).





→ CH3O2NO2 (R10) with a1A of −0.342. The pro-
duction of CH3O2NO2 only temporarily removes a radical
and a nitrogen dioxide. As the air parcel subsides and tem-
perature increases, the methyl peroxy radical and nitrogen
dioxide reenter the NOx cycle. Given the inter-twined re-
lationship between methyl peroxy nitrate’s forward rate and
equilibrium rate, the equilibrium rate was added to the list.
The production of nitric acid (R12), though less influential
with respect to1A, effectively removes a radical and a nitro-
gen dioxide from the cycles because nitric acid is chemically
stable in the upper troposphere.
4.2 Bayesian estimation
Of the twelve tested reactions, this study was able to con-
strain uncertainty for four rate coefficients. For each of the
four rate coefficients, the posterior uncertainty distributions
are shown in a panel of Fig.4. Each panel shows the prob-
ability of the reaction rate as a function of the uncertainty
scaling factors tested. The scaling factors cover±3σ un-
certainty with the base rate shown with a scaling factor of
unity. Each panel also shows a log-normal parameteriza-
tion (logN (µ,σ )) where the mean (µ) is the inferred scaling
Atmos. Chem. Phys., 12, 653–667, 2012 www.atmos-chem-phys.net/12/653/2012/
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Table 1. Maximum sensitivity of nitrogen aging (1A s−1) to uncertainty in reaction rates.
Uncertainty Factor @ 234 K





→ CH3O2NO2 N/A 1.282 −0.342
(R3) NO + O3 → NO2 1.207 1.322 −0.358
(R1) NO2
hν
→ O3 + NO N/A 1.200 −0.441
(R12) NO2 + OH → HNO3 N/A 1.194 −0.444
(R13) HNO4 + OH → NO2 1.373 2.059 −0.460
(R5) CH3OO
q
+ NO → NO2 + HO2 + CH2O 1.111 1.261 −0.463
(R10) CH3O2NO2
k−1e





→ 2 HO2 + CO N/A 1.400 −0.466
(R14) HO2 + OH → H2O + O2 1.235 1.345 −0.471
(R7) CH4 + OH → CH3OO
q
+ H2O 1.151 1.206 −0.472
(R8) CH3OOH + OH→ 70 % CH3OO
q
+ 30 % (CH2O + OH) 1.179 1.607 −0.474
(R4) HO2 + NO → OH + NO2 1.179 1.204 −0.476
Bayesian Estimation235
Of the twelve tested reactions, this study was able to constrain uncertainty for four rate coefficients. For each of
the four rate coefficients, the posterior uncertainty distributions are shown in a panel of Fig. 4. Each panel shows
the probability of the reaction rate as a function of the uncertainty scaling factors tested. The scaling factors cover
±3σ uncertainty with the base rate is shown with a scaling factor of unity. Each panel also shows a log-normal
parameterization (logN (µ,σ)) where the mean (µ) is the inferred scaling factor, and standard deviation (σ) is240
calculated from the posterior. For three reactions, the credible interval includes the base rate, but the uncertainty
range has been reduced. The base rate coefficients for photolysis of NO2 (R1) and oxidation of NO by O3 (R3)
were confirmed with inferred scaling factors within 2% of unity. For the oxidation of NO by HO ·2 (R4), Fig. 4c
shows that the posterior estimate of the scaling factor (0.95) falls within 5% of unity. For these reactions, however,
Figs.4 b-c show that the prior standard deviation has been reduced by 72 to 9 %.245













NO + O3 −→ NO2
π∼logN (1,0.28) P∼logN (1.02,0.04)
(a) NO+O3−−→NO2 +O2

















hν−→ O3 + NO
π∼logN (1,0.18) P∼logN (1.01,0.03)
(b) NO2
hν−−→NO+O 3P













HO2 + NO −→ OH + NO2
π∼logN (1,0.19) P∼logN (0.95,0.05)
(c) HO ·2 +NO−−→NO2 +HO ·

















NO2 + OH −→ HNO3
π∼logN (1,0.18) P∼logN (0.78,0.05)
(d) NO2 +HO
·−−→HNO3
Fig. 4. Posterior (black) and prior (gray) uncertainty distributions of selected reactions. Posterior distributions are explicitly
calculated at 21 points shown by black squares, and the smoothed line is fit from the mean and standard deviation.
The estimate and standard deviation have both been substantially revised for the production of HNO3. For
HNO3 production, Fig. 4d shows that the revised rate coefficient is 22% lower (within 1σ) than the base rate
from JPL06 and the standard deviation has been reduced by 62%. Based on the log-normal uncertainty, the 95%
credible interval for the revised rate is 66-85% of the base rate.
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Fig. 4. Posterior (black) and prior (gray) uncertainty distributions of selected reactions. Posterior distributions
are explicitly calculated at 21 points shown by black squares, and the smoothed line is fit from the mean and
standard deviation.
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Fig. 4. Posterior (black) and prior (gray) uncertainty distributions of selected reactions. Posterior distributions are explicitly calculated at 21
points shown by black squares, and the smoothed line is fit from the mean and standard deviation.
factor, and standard deviation (σ ) is calculated from the pos-
terior. For three reactions, the credible interval includes the
base rate, but the uncertainty range has been reduced. The
base rate co fficie ts for photolysis of NO2 (R1) and xida-
tion of NO by O3 (R3) were confirmed with inferred scaling
factors within 2 % of unity. For the oxidation of NO by HO
q
2
(R4), Fig. 4c shows that the posterior estimate of the scaling
factor (0.95) falls within 5 % of unity. For these reactions,
however, Fig.4b–c show that the prior standard deviation has
been reduced by 72 to 91 %.
The estimate and standard deviation have both been sub-
stantially revised for the production of HNO3. For HNO3
production, Fig.4d shows that the revised rate coefficient is
22 % lower (within 1σ ) than the base rate fromJPL06and
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Fig. 5. Evaluated NO2 + HO. rate coefficients from IUPAC04 (IUPAC), JPL11 (JPL), Mollner et al. (2010)
(Mollner), and this work for temperatures and pressures from the US standard atmosphere 1976.
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Fig. 5. Evaluated NO2 + HO
q
rate coefficients fromIUPAC04(IU-
PAC), JPL11(JPL),Mollner et al.(2010) (Mollner), and this work
for temperatures and pressures from the US standard atmosphere
1976.
the standard deviation has been reduced by 62 %. Based on
the log-normal uncertainty, the 95 % credible interval for the
revised rate is 66–85 % of the base rate.
5 Discussion
This study has constrained the uncertainty of reaction rates
using observational data from the INTEX-A campaign. The
reaction rates are constrained using Bayesian inference and
an observational modeling system that calculates likelihoods
from multiple endpoints, and are combined to constrain re-
actions that affect multiple species. The results indicate the
need for a substantial revision of the rate of nitric acid pro-
duction.
The inference results for nitric acid production (R12) show
that current rate (JPL11; IUPAC04) is overestimated by 22–
30 % in the upper troposphere. This finding agrees well with
emerging laboratory studies byMollner et al. (2010), who
found that experimental artifacts have led to overestimation
of the reaction rate. In their supplementary material,Moll-
ner et al.(2010) fit their latest data to the existing (JPL06)
temperature dependencies because their experiments were all
performed at 298 K. Figure5 shows that for all altitudes and
temperatures in this study (227–251 K), their recommenda-
tion evaluates lower than the current best estimate by 13–
21 % (JPL11-IUPAC04). Our findings in the upper tropo-
sphere suggest a further 12 % reduction compared toMollner
et al.(2010), which was only evaluated at 298 K.
The 12 % discrepancy is interpreted as a revision to the
temperature sensitivity of the rate coefficient. The rate co-
efficient for HNO3 production is pressure dependent with
high-pressure and a low-pressure limit rate, but only the low-
pressure limit (kR12,low) has a temperature dependency. The
temperature dependency of the low-pressure limit has been
adjusted to fit the 298 K rate fromMollner et al.(2010) and









The update to the temperature dependency may relate to
emerging literature on HOx/NOx reactions. For instance, a
second channel for the HO
q
+ NO2 reaction forms isomers of
HOONO (Nizkorodov and Wennberg, 2002). These isomers
can photolyze or dissociate to reform HO
q
and NO2 thereby
reducing the net forward reaction rate. The formation rate
is temperature dependent (Bean et al., 2003), as is the fate.
Given the uncertainty in fate, HOONO is not explicitly sim-
ulated in this study although HOONO may contribute to the
findings here. Also the formation of HNO3 from HO
q
2 + NO
(e.g.,Butkovskaya et al., 2005), has the potential to further
reduce the inferred (R12) value. The inference framework
in this study uses a univariate approach that will not account
for updates to multiple uncertain rates. Updates to recom-
mended rates, which are used as the base mechanism for this
paper, could alter the inference values reported here.
The decreased nitric acid formation rate has important im-
plications for the nitrogen oxides (NOx) and hydrogen radi-
cal (HOx) budgets. For NOx, slowing the formation of HNO3
will increase the atmospheric lifetime and NOx concentra-
tions. Increasing NO2 concentrations will help to remove
previous model bias in comparison with aircraft and satellite





ratio thatRen et al.(2008) identified as
problematic above 8 km.
This study recommends updating the nitric acid formation
reaction rate. Updating the NO2 + HO
q
reaction will lengthen
NOx lifetimes and increase ozone production (based on pre-
liminary results). The full implications of this revision, how-
ever, cannot be evaluated in the model framework used here.
In this model framework, unlike a chemical transport model,
the air parcels are initiated by observations. In a chemi-
cal transport model, air parcels lofted to the upper tropo-
sphere entrain air from previously simulated upper tropo-
sphere. Any bias, therefore, has the potential to be cumula-
tive and must be tested in a full chemical transport model to
understand the implications. Previous laboratory and master
equation estimates of the temperature sensitivity are in rela-
tively good agreement (Sander et al., 2011). Given the im-
proved measurement capabilities (Mollner et al., 2010) and
remaining uncertainty (Donahue, 2011), the temperature sen-




TableA1 gives descriptive statistics for environmental condi-
tions and inorganic concentrations for all observations in the
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Table A1. Summary of inorganic observations and environmental conditions, from 8 to 10 km, used for evaluation (all) and for initialization
(initial, i.e., samples with the highest 12.5 % XNO2 to HNO3 ratios) from the INTEX-A observational campaign. Unless otherwise noted,
values are in parts per trillion (ppt).
all initial
Species Median Mean Std N Median Mean Std N
RH (%) 39.9 46.2 22.1 506 65.3 57.4 24.6 64
TEMP (K) 241.0 240.1 5.0 506 235.3 236.4 5.2 64
PRESS (hPa) 314.7 314.1 22.2 506 300.7 303.3 22.1 64
SO2 19.9 32.7 60.3 493 20.4 57.2 125.8 64
HO
q
0.6 0.6 0.2 481 0.6 0.7 0.3 62
HO
q
2 13.6 13.7 3.7 506 13.0 12.8 3.8 64
H2O2 253.6 281.3 156.1 506 194.3 265.4 162.4 64
NO2 83.9 102.2 75.4 506 137.3 153.7 101.3 64
HNO3 (CalTech) 303.8 457.0 464.1 506 156.0 155.8 105.7 64
HNO4 97.6 97.1 37.9 442 79.0 87.6 30.8 56
O3 (ppb) 78.7 80.9 16.8 506 70.2 68.8 9.4 64
CO (ppb) 100.2 104.2 16.0 506 107.6 108.4 10.6 64
Table A2. Summary of organic observations, from 8 to 10 km, used for evaluation (all) and for initialization (initial) from the INTEX-A
observational campaign. Unless otherwise noted values, are in parts per trillion (ppt).
all initial
Species Median Mean Std N Median Mean Std N
CH4 (ppb) 1793.0 1794.8 16.6 157 1784.0 1786.2 10.3 16
CH3OH 1913.3 2008.2 871.3 236 3248.8 3370.4 645.1 24
CH3OOH 133.0 139.0 98.4 169 233.0 205.8 94.4 31
CH2O 193.0 233.9 186.6 332 437.0 422.1 158.6 29
C2H6 839.0 940.9 393.1 251 830.0 809.1 265.1 29
C2H4 1.5 3.5 7.7 252 1.5 6.5 8.2 29
C2H2 82.0 91.9 32.0 251 97.0 99.5 22.9 29
CH3C(O)H 111.4 127.4 113.2 228 87.8 95.4 40.1 24
CH3CH2OH 35.7 81.9 93.2 219 260.6 251.4 73.7 24
CH3C(O)OOH 212.8 211.5 77.7 492 230.1 207.9 74.0 62
C3H8 185.0 244.9 215.7 251 171.0 180.2 93.7 29
C4H10 46.0 70.6 77.1 251 53.0 66.0 33.8 29
C5H12 11.0 17.0 18.8 252 15.0 23.8 20.0 29
n-Hexane 1.5 2.0 1.7 252 1.5 2.3 2.3 29
CH3C(O)CH3 1600.4 1767.7 661.8 236 1374.7 1485.6 296.1 24
CH3C(O)CH2CH3 78.8 84.6 38.2 236 94.0 89.2 16.4 24
PAN 397.1 441.7 172.2 506 369.8 385.1 144.8 64
CH3ONO2 2.2 2.2 0.3 251 2.4 2.3 0.3 29
RONO∗2 8.4 10.6 7.6 251 6.5 7.9 3.2 29
∗ Sum of nitrates is unavaible; RONO2 is the sum of speciated nitrates.
upper troposphere (all) and also for just those used for initial
conditions. Observations (all and initial) have been filtered
to exclude biomass burning, stratospheric influence, and ex-
treme pollution (as inHudman et al., 2007; Henderson et al.,
2011). TableA2 gives descriptive statistics for organic con-
centrations for all observations in the upper troposphere (all)
and also for just those used for initial conditions. TableA3
gives descriptive statistics for aerosol composition measure-
ments for all observations in the upper troposphere (all) and
also for just those used for initial conditions.
A2 Dynamic environmental conditions
Gas phase concentrations evolve as a function of their en-
vironmental conditions. Temperature, pressure, and relative
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Table A3. Summary of aerosol observations, from 8 to 10 km, used for evaluation (all) and for initialization (initial) from the INTEX-A
observational campaign. Unless otherwise noted values, are in parts per trillion (ppt).
all initial
Species Median Mean Std N Median Mean Std N
NO−3 11.0 14.6 16.3 116 18.0 19.3 15.9 33
SO=4 44.0 56.3 28.4 116 66.0 69.6 27.6 33
Na+ 43.5 77.2 76.5 116 43.5 119.9 108.8 33
NH+4 59.0 66.3 46.4 116 71.0 84.1 26.7 33
Mg2+ 3.5 3.8 3.7 116 3.5 3.5 0.0 33
K+ 14.0 26.3 27.4 116 14.0 41.2 38.2 33
Ca2+ 4.0 9.9 19.5 116 4.0 10.8 12.6 33
Cl− 30.0 80.3 89.0 116 30.0 80.5 74.2 33


































NO + O3 −→ NO2
π∼logN (1,0.28) P∼logN (1.02,0.04)
Fig. A1. Posterior distribution in two dimensions (color plot) and integrated for all tested τ valus (line plot)
for the NO + O3→ NO2 + O2 reaction. The two dimensional posterior distribution as a function of uncertainty
in the rate and time-since-convection (τ ). On the two-dimensional posterior plots, the inferred values of τ and
the reaction rate scaling factor are in parentheses. The one dimensional posterior distribution is as a function
of the reaction rate uncertainty. On the one-dimensional posterior plot, the line is a smoothed uncertainty using
the inferred estimate and standard deviation to construct a log-normal uncertainty. When the log-posterior is
white, it was incalculably small (−∞). Figure continues on next page.
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Fig. A1. Posterior distribution in two dimensions (color plot) and
ntegrated for all testedτ valus (line plot) for the NO + O3 →
NO2 + O2 reaction. The two dimensional posterior distribution as a
function of uncertainty in the rate and time-since-convection (τ ).
On the two-dimensional posterior plots, the inferred values ofτ
and the reaction rate scaling factor are in parentheses. The one
dimensional posterior distribution is as a function of the reaction
rate uncertainty. On the one-dimensional posterior plot, the line is a
smoothed uncertainty using the inferred estimate and standard devi-
ation to construc a log-normal uncertainty. When the log-posterior
is white, it was incalculably small (−∞).







































hν−→ O3 + NO
π∼logN (1,0.18) P∼logN (1.01,0.03)
Fig. A2. Same as Fig. A1 for the NO2
hν→ NO + O3P reaction.
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Fig. A2. Same as Fig.A1 for the NO2
hν
→ NO + O3P reaction.
humidity driv reaction rates (gas-phase and heterogeneous)
and thermal partitioning of to aerosols. The difference is
driven by adiabatic cooling or warming and mixing with
background air. The rates of adiabatic processes are not well
understood, but are thought to occur within an hour.
In this study, we see that environmental conditions in ini-
tial air parcels are distinct from the base conditions. The
initial conditions are taken from samples with the highest
XNO2:HNO3 ratios (top 12.5 %). The initial conditions are
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HO2 + NO −→ OH + NO2
π∼logN (1,0.19) P∼logN (0.95,0.05)
Fig. A3. Same as Fig. A1 for the HO2. + NO→ NO2 + HO. reaction.
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Fig. A3. Same as Fig.A1 for the HO
q




not statistically different from the first quartile (top 25 %) of
samples, but are different from the second quartile. The sec-
ond quartile is not statistically different from the base condi-
tions. Based on this observation, temperature, pressure, and
relative humidity are parameterized to adjust from their ini-
tial to their “bulk” condition after the predicted XNO2:HNO3
ratio drops below the average second quartile value. The air
parcels adjusted property (temperature, pressure, humidity)
reduced or increased by the difference between median ini-
tial and median base conditions. The new property is not
allowed to exceed the maximum or drop below the minimum
value of the base property.
A3 Nitrogen dioxide and interference
Incorporating the findings fromBrowne et al.(2011) requires
adjusting the NO2 measurement as well as adding reactions
to the chemical mechanism.Browne et al.(2011) found
that the NO2 measurement has interferences from HNO4 and
methyl peroxy nitrate (MPN). The GEOS-Chem chemical
mechanism already includes HNO4, but it does not include
MPN. The MPN chemistry fromJPL06is incorporated with
the assumption that the photolysis rate are similiar to HNO4
(as inBrowne et al., 2011). The impact of the adding MPN
chemistry was then confirmed to be small by itself.







































NO2 + OH −→ HNO3
π∼logN (1,0.18) P∼logN (0.78,0.05)
Fig. A4. Same as Fig. A1 for the NO2 + HO.→ HNO3 reaction.
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Fig. A4. Same as Fig.A1 for the NO2 + HO
q
→ HNO3 reaction.
To adjust the NO2 the measurement, the interference from
MPN and HNO4 must be removed. The INTEX-A campaign
included measurements of HNO4, but MPN will have to be
estimated. The estimate of MPN is not straight forward be-
cause the concentrations may not be at steady-state results for
air parcels immediately following convection. To estimate
MPN, the model is run for all air parcels for 1 h using the
original initial conditions. The output MPN results are used
for least squares regression to estimate the fraction of the
NO2 measurement that MPN is as a function of NO2:HNO3.
Using that relationship, a new set of initial conditions are
created with MPN and with “corrected” NO2. Those initial
conditions are used to repeat the above process. Based on the
second least squares regression, the MPN concentrations are
estimated in the initial conditions using Eq. (A2). To avoid
relying on derived observations, all subsequent analysis uses
the TD-LIF measurement (XNO2) and compares to the sim-





NO2 = XNO2−62.5 % MPN−4.5 % HNO4 (A2)
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π∼logN (1,0.25) P∼logN (1.02,0.24)
Fig. A5. Same as Fig. A1 for the CH3O2. + NO2→ CH3O2NO2 reaction.
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Fig. A5. Same as Fig.A1 for the CH3O2
q
+ NO2 → CH3O2NO2
reaction.
A4 Dirichlet likelihood
The likelihood of a model instance is calculated from the ob-
served and simulated distributions using the Dirichlet prob-
ability density function. The Dirichlet probability density
function (PDF) calculates the likelihood based on discrete
probabilities (Frigyik et al., 2010). A single discrete proba-
bility (PDF) is constructed by integrating between from the
quantiles (i.e., ordered samplesO = {o(1),...,o(n)}) of obser-
vations and PDF of the simulation results from a model in-
stance. For each model instance (k), the PDF of predictions
(Y = {y1,...,ym}) can be estimated using a Gaussian Kernel
Density Estimation. Equation (A3) describes the PDF where
k is the model instance,m is the number of observations,h
is the bandwidth is calculated following. The bandwidth is
calculated followingScott(1992, h = m−
1
5 σ ). The PDF can
then be calculated as the integral of the PDF between two




































































hν−→ 2 HO2 + CO
π∼logN (1,0.34) P∼logN (0.85,0.16)
Fig. A6. Same as Fig. A1 for the CH2O +hν reaction.
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Fig. A6. Same as Fig.A1 for the CH2O +hν reaction.
For each model instance (k), the likelihood of the actual
PDF is described by Eq. (A5) whereα is the set of alpha
values ({α1,...,αn+1}). The alpha values determine shape
of the Dirichlet distribution. When the alpha values are
greater than 1, the distribution is convex and the mean co-
incides with the PDF being uniform and so the likelihood
maximizes when PDF values are uniform between all quan-
tiles. Given that quantiles are asymptotically distributed
(Mosteller, 2006), the PDF values are expected to be uniform
(i.e., ≈ 1/(nobs+1)) from the “true” model. Based on this,
therefore, likelihood calculation uses alpha values greater
than one to maximize the likelihood of model instances with
uniform PDF between all observed quantiles.











If the location of all quantiles were equally certain, the alpha
values would be uniform. The exact location of quantiles
in the tails of the observed distribution are more subject to
random chance or measurement uncertainty (i.e., near lower
limit of detection). The alpha values can be interpreted as
one plus the number of observations of each quantile. To
account for decreasing certainty in the location of quantiles
near the distribution tails, the quantile (Q) is used to calculate
weighted alpha values (α) as shown in Eq. (A6).
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HO2 + OH −→ H2O + O2
π∼logN (1,0.30) P∼logN (0.84,0.17)
Fig. A7. Same as Fig. A1 for the HO2. + HO.→ H2O + O2 reaction.
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→ H2O + O2 reac-
tion.
A5 Likelihoods
The likelihood distribution of each reaction in the results was
calculated as the joint likelihood from each species and as a
function of average time-since-convection (τ ). FiguresA1–
A8 show the joint likelihoods as a function ofτ and reac-
tion uncertainty. The results have been split into two cate-
gories: those that provided useful constraints and those that
did not. FiguresA1–A3 show three reactions whose the stan-
dard deviation has been substantially reduced. FigureA4
shows that the inferred rate and standard deviation have been
substantially reduced for the production of nitric acid.
FiguresA5–A8 shows the other reactions whose peak like-
lihood was bounded, but did not provide useful constraints.
For these reactions, the 95 % confidence interval included the
original rate and did not refine the uncertainty space. The
probability distributions for these reactions have more than
one mode.
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CH4 + OH −→ CH3OO ·
π∼logN (1,0.19) P∼logN (1.27,0.12)
Fig. A8. Same as Fig. A1 for the CH4 + OH reaction.
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Fig. A8. Same as Fig.A1 for the CH4 + OH reaction.
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